Abstract The long QT syndrome (LQTS) is a genetic disorder, typically characterized by a prolonged QT interval in the ECG due to abnormal cardiac repolarization. LQTS may lead to syncopal episodes and sudden cardiac death. Various parameters based on T-wave morphology, as well as the QT interval itself have been shown to be useful discriminators, but no single ECG parameter has been sufficient to solve the diagnostic problem. In this study we present a method for discrimination among persons with a normal genotype and those with mutations in the KCNQ1 (KvLQT1 or LQT1) and KCNH2 (HERG or LQT2) genes on the basis of parameters describing T-wave morphology in terms of duration, asymmetry, flatness and amplitude. Discriminant analyses based on 4 or 5 parameters both resulted in perfect discrimination in a learning set of 36 subjects. In both cases cross-validation of the resulting classifiers showed no misclassifications either.
Introduction
The congenital long QT syndrome (LQTS) is a heart disease, typically showing a long QT interval and abnormal T-wave morphology in the surface ECG, and a relatively high number of syncopes and sudden cardiac deaths. In 1957 Jervell and Lange-Nielsen [7] for the first time described LQTS, followed in 1965 by Romano [20] and Ward [28] , who described another, more common, form of LQTS.
At present mutations in eight genes of LQTS are acknowledged, most of them in genes that express ion channel proteins in the ventricular myocytes. The most prevalent genes affected in LQTS patients are KCNQ1 (KvLQT1) (affecting the slowly activating potassium rectifier current, I Ks ) and KCNH2 (HERG) (affecting the rapidly activating potassium rectifier current, I Kr ). These two mutations account for more than 90% of the LQTS cases [9, 19] .
The long QT syndrome is often diagnosed after referral to a cardiologist after syncope, usually in childhood or as a teenager. Unfortunately, the first symptom may be sudden cardiac death. Clinical symptoms and examinations range from a more or less normal ECG without further symptoms to a clearly prolonged QT interval and repeated syncopes.
The QT interval, the main parameter used to diagnose LQTS, should be corrected for heart rate, typically using Bazett's correction [3] , to give QTc:
where QT is the QT interval in seconds and RR is the average RR interval in seconds. Using QTc as the only source of information would lead to a great number of false negatives since approximately 10% of all carriers show a normal QTc ( 440 ms) [31] and about 40% of the HERG carriers have QTc values between 410 and 470 ms, which is a range that overlaps with noncarriers [13, 30] . Conversely, more than 10% of normals have a long QTc [31] .
In clinical practice, QTc is the only widely accepted and standardized quantifier of ventricular repolarization, although it is well recognized that T-wave shape is a major qualitative source of information for diagnosis of abnormal repolarization. Some attempts have been made to link the quantitative parameters of T-wave shape to the specific LQTS-related ion channel alterations, but they have failed to provide a high diagnostic yield [16, 23, 29, 31] . Nevertheless, it is reported that only 2% of all carriers show both a normal ST-T morphology and a normal QT interval [31] . Thus wave shape parameters must provide major information, in addition to QTc, to be used in the identification of LQTS. Studies have shown that KvLQT1 patients generally show broad T-waves with a normal to relatively high amplitude and often without a distinct T-onset [9, 31] . For HERG patients these studies generally found low-amplitude T-waves, with bifid T-waves in about 60% of the carriers.
Recent approaches to T-wave description in the literature can be divided into three groups: (1) mathematical modelling of the T-wave [9, 17, 18] , (2) wave shape models based on the underlying physiological process [5] , and (3) choice of simple parameters describing T-wave shape features, such as amplitude and duration, sometimes used in a pattern classification method [1, 2, 4, 14, 15, 21, 26, 31] . Kanters et al. [9] obtained a perfect discrimination between KvLQT1 and HERG using a flatness parameter based on lead V 2 , although there was overlap between KvLQT1 and Normals and a significant overlap between HERG and Normals as well. The study by Zhang et al. [31] was based on 284 subjects divided into KvLQT1, HERG and SCN5A mutations: A discriminant analysis based on QTc, T-wave duration, and T-wave amplitude gave sensitivity/specificity values of 0.85/0.70, 0.83/0.94, and 0.47/0.63 for each of the three genotypes, respectively. However, the discriminant functions were obtained using all data available, and no validation of the obtained classifiers was performed.
A correct and early diagnosis of LQTS is important because proper treatment with either beta-blockers or an implantable cardioverter defibrillator (ICD) can reduce the risk of sudden cardiac death [22] . In addition, it is of interest to be able to discriminate among different forms of LQTS because of cost and time reduction related to the possibility of a more targeted genetic screening.
In the following we present a method to discriminate among KvLQT1, HERG, and normal individuals. The method is based on a linear discriminant analysis using quantitative descriptors for the duration, symmetry, flatness and amplitude of the T-wave.
Methods
ECGs were obtained from subjects in three groups: Normal, KvLQT1, and HERG. Those ECGs were preprocessed, fiducial points were determined and subsequently a number of parameters, representing T-wave morphology were computed. Finally, the resulting values of the parameters were used in a statistical multivariate analysis to discriminate among the groups. Those steps are described below in detail.
Subjects
Thirty-six subjects (18 males, 18 females) were included in the study, which was approved by the Scientific Ethical Committee of the counties Nordjylland and Viborg (no.: vn/2003/129). The subjects were from three mutually exclusive groups: KvLQT1 (n=10, males/females 4/6, average age 35 years, age range 14-61 years), HERG (n=7, males/females 4/3, average age 34 years, age range 13-53 years) and Normal (n=19, males/females 10/9, average age 40 years, age range 23-64 years). Genotypes were obtained for all KvLQT1 and HERG patients, where all relevant LQTassociated genes were screened to make likely that no patient had more than one mutation. KvLQT1 patients were from five different families and included five different mutations [V254M [27] , L273F [9] , A344A (splice site mutation G->A at base 1032) [8] , H363N (novel missense mutation), R366W [11] ]. HERG patients were from four different families and included three different mutations (F29L [12] , I96T [12] , I400N [12] ). In the Normal group there were no reports of cardiac disease or LQTS family history, and the subjects did not take any medicine. Further details are given in Table 1 .
Data collection
Standard 12-lead ECG recordings were obtained from the subjects resting in a supine position. The data were recorded with the portable CardioPerfect Resting ECG (N.V. Cardiocontrol, The Netherlands). Data were collected from eight leads (I, II, V1-V6) with a sampling rate of 1,200 Hz but only lead V5 was used for the present application. V5 was chosen because of its physical position with respect to the principal direction of the T-wave loop (see Sect. 4), and the high signal quality of the recorded ECG signals in this lead from the subjects included in the study. For each subject 10 s of ECG were used.
Preprocessing
Fiducial points were detected (see Sect. 2.4) in order to facilitate the calculation of descriptive T-wave and QTinterval parameters. The detection algorithm was preceded by a baseline filter, a low-pass filter and a notch filter. All three filters were Kaiser window FIR filters to avoid phase distortion and to guarantee stability.
Baseline wander is a serious problem for automatic evaluation of the QT interval and, therefore, the signal was filtered with a high-pass filter with a cutoff frequency of 0.66 Hz, 0.1 dB pass band ripple and 40 dB attenuation in the stop band (below 0.33 Hz).
The low pass filter had a pass band up to 50 Hz, stop band above 75 Hz, pass band ripple 0.1 and 40 dB attenuation in the stop band.
The notch filter had a stop band between 49.8 and 50.2 Hz (-40 dB) and pass bands below 49 and above 51 Hz (0.1 dB ripple).
Subsequently, the isoelectric line during each QT interval was established by linear interpolation of the previous PQ interval to the following PQ interval.
Fiducial-point detection
The following fiducial points in the ECG were detected: Q start , R peak , T start , T peak , and T end (see Fig. 1 ). The detection algorithm was based on Laguna et al. [10] and was implemented in MatLab. The method for QRS detection was thus based on adaptive thresholding techniques applied to digitally filtered and subsequently differentiated signals. Because of the high quality of the ECGs all QRS complexes were correctly detected (in all leads) with this relatively simple method.
Q start was detected by first detecting Q peak , (within an 80 ms window before the R peak ), then computing the highest slope before the peak and calculating the point where the tangent at the point with the highest slope crosses the isoelectric line. This procedure is expected to systematically give a Q start that is up to a few milliseconds later than the actual Q start , which is within the required accuracy.
The start of the T-wave, T start , was obtained with a method similar to the standard method (see [4] ) of detecting T end : the tangent at the point of the steepest slope at the leading or the trailing edge of the T-wave crosses the isoelectric line to define T start and T end , respectively, regardless of the presence of U-waves. T peak was defined as the maximum of the filtered T-wave, regardless of the presence of notches.
Quantitative T-wave parameters
In order to quantify T-wave morphology, multiple parameters were defined for each of four categories as shown in more detail in Table 4 (see Sect. 6):
1. T-wave symmetry (6 parameters) 2. T-wave flatness (8 parameters) 3. T-wave duration (QTc plus 5 other parameters) 4. T-wave amplitude (7 parameters) All parameters were calculated and averaged over all beats within the 10 s records, giving rise to 27 parameters as candidates for descriptors of T-wave morphology ( Table 2 ).
Discriminant analysis
The purpose of the statistical analysis is to develop a robust assignment rule to assign a new subject into one of the three groups (KvLQT1, HERG or Normal) based on a limited number of T-wave parameters, chosen from the collection of 27 parameters from V 5 . Discriminant Analysis is a standard statistical tool for such a problem [6, 25] . A stepwise procedure based on the training set was used to choose the most significant parameters from Table 4 , such that the Mahalanobis distance [25] between the two closest groups was maximized at each step. The entry/removal criteria were adjusted in order to obtain the desired number of parameters (T-wave descriptors) in the discriminant functions. The actual analysis was performed using SPSS. Cross-validation using the leave-one-out method was subsequently performed to evaluate the generalization of the resulting classifiers and to serve as an indication for future development potential. Three classifiers were evaluated based on 3, 4 or 5 parameters, respectively. Figure 2 shows the distribution of QTc for all subjects in the three groups. It is clear that QTc is a valuable parameter for the discrimination between Normal and LQTS, although the separation between these two classes is not perfect. QTc gives no information for a separation of KvLQT1 versus HERG. Figure 3 shows the result of the 5-parameter classifier. The positions of all subjects are shown in a scatter plot in the two discriminant coordinates. For each group a discriminant function was calculated. The straight lines separating the groups in Fig. 3 indicate the borders between assignment areas, i.e., at these lines the difference between pairs of discriminant functions is zero.
Results
The separation between the Normal group and the HERG group is very clear, as is the separation between KvLQT1 and HERG. The Normal and the KvLQT1 groups seem to be closer to each other than the other groups, but this does not give rise to any misclassifications in the present dataset.
The classification results are summarized in Table 3 . The 4-and 5-parameter classifiers gave a perfect classification of the dataset, both in training and crossvalidation. The 3-parameter classifier misclassified 1 KvLQT1 patient from the dataset as Normal, both in training and cross-validation.
The discriminative efficiency of both discriminant coordinates was statistically significant (p0.001). Figure 4 indicates what happens if QTc is left out of the analysis completely: there is still a wide separation between Normals and HERG, and between KvLQT1 and HERG; the partial overlap between Normals and KvLQT1 yielded three misclassifications of KvLQT1 patients as Normal.
It is clear from Fig. 4 that the second coordinate hardly has any discriminative power anymore and that the discrimination thus almost has become onedimensional. In the previous results the second coordinate was dominated by QTc (whereas the first coordinate was, and still is, dominated by the flatness parameter F3).
Discussion
The long QT syndrome is characterized by a prolonged QTc in the surface ECG. Our own dataset, and the literature as well, indicate that QTc alone often is insufficient to distinguish between Normals and LQTS Linear discriminant analysis has been the pattern classification workhorse, even though other methods such as artificial neural networks and other nonparametric methods have become popular and sometimes produce better results, depending on the problem at hand. However, in many cases the discriminant analysis still is an optimal choice and produces results that are more readily comprehensible in a more transparent way than, for example, artificial neural networks. For further development of the method with increasing training sets and possible addition or changes of parameters and the inclusion of a Bayesian approach, this could be an important advantage.
The analysis shows an excellent separation between the Normal group and the HERG group, whereas the separation of Normals and KvLQT1 seems to be more critical. The separation between Normals and HERG strongly encourages the use of the parameters dominating function 1 for the detection of drug-induced LQTS, since malignant drug-induced QT prolongations have been associated with selective blocking of I Kr channels, i.e., the channels which are mutated in HERG [32] .
It was confirmed, by the parameters entered in the discriminant functions, that the QT interval (QTc) is one of the most important parameters in the classification of LQTS, but that descriptors for T-wave amplitude, flatness and symmetry are indeed necessary to obtain a correct classification. However, the results showed that HERG can still be separated from KvLQT1 and, in particular, from Normals without the use of QTc. The classification results without the use of QTc suggest that even when QTc is not increased the method may discriminate between carriers and Normals. This is a very interesting aspect, which could allow the detection of 'subclinical' LQTS-patients showing no QTc prolongation, thus leading to a reduced number of false negatives.
Our choice of descriptive parameters was founded on, initially, qualitative descriptions of T-wave morphology as seen in the set of subjects and in the literature [9, 16, 23, 31] . This approach quickly led to a focus on duration, amplitude, asymmetry and flatness as high-level descriptors to be translated into specific quantitative descriptors (see Sect. 6). However, because the I Ks and I Kr currents have their maxima around the early part of phase 3 of the action potential [32] , it was expected that differences among the three groups might be highlighted best when paying additional attention on the time interval around the peak of the T-wave. This second approach to the problem led to the inclusion of parameters that focused on the central part of the T-wave.
To limit the number of parameters, the parameters were based on a single lead, V 5 , which was chosen because it is expected to be relatively insensitive to differences in the orientation of the T-wave loop, which typically points in the direction of V 2 -V 3 . This implies that across subjects within one group the variance is expected to be lower for V 5 than for, e.g., V 2 : lower within group variance. However, the same argument may hold for the between group variance, so the question about the best lead remains unresolved and needs more investigation.
It is most encouraging that it is possible with 4 or 5 parameters to obtain a perfect classification within the group of 36 subjects both in training and cross-validation. Future efforts must be directed, first and foremost, to increase the numbers of subjects in order to validate the method in a larger population.
Conclusion
Discriminant analysis based on relatively simple descriptors of the T-wave was shown to be promising in the classification of LQTS. Moreover, the method will enable targeted genetic screening, reducing cost of screening, and future work will, hopefully, enable an improved risk stratification, and thus choice of treatment, as compared with the use of QTc alone.
Appendix
The mean, width, asymmetry and flatness of the T-wave are calculated according to (Table 4) . Ratio of the total area under the T-wave from Tstart to Tpeak and the corresponding time interval 
